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[1,2]. In order to get a better view on the actual thermal performance of the building fabric, the characterization of
building elements on-site is required. 
The methods that are most commonly used for as-built characterization from experimental data, such as the
average method proposed in the International Standard ISO 9869 (1994), are based on steady-state assumptions.
Hence, the dynamic boundary conditions proper to outside measurements violate the methods’ basic hypothesis.
Typically it is assumed that averaged data over a long enough period of time cancels out the present dynamics,
hence approaching stationary measurements. Nevertheless, the compromise between a semi-stationary analysis and
dynamic measurements introduces limitations to the validity and the practical applicability of these methods (e.g.
time span of the measurements, validity for summer data). 
In contrast to these semi-stationary methods, more advanced dynamic data analysis techniques exist. The latter
benefit from the occurrence of outdoor weather conditions, as dynamics are an express condition for the functioning
of the method. Essentially, dynamic parameter estimation methods estimate the parameters of a physical model by
tuning the behavior of this model to the observed behavior of the physical object, both subject to the same boundary
conditions. Maximum likelihood estimation (MLE) is a parameter estimation method that maximizes, in function of
the model parameters, the likelihood of a model predicting the observed set of measurements. The parameters that
optimize this goal function are called the maximum likelihood estimates. The potentials of this method for the
thermal characterization of as-built building components is investigated in this paper. Thereto the total thermal
resistance of an insulated cavity wall is estimated from experimental data. 
2. Methodology
To evaluate the performance of the MLE method, the technique is applied on various data sets of an outdoor test
wall to identify its thermal resistance. The method’s measured inputs will be limited to those typically used for the
semi-stationary analyses, i.e. the internal heat flux and the in- and external surface temperatures of the observed
wall. Given that, the potentials of the dynamic estimation technique will be considered. Special attention will be
paid to the accuracy of the estimation results in function of the measurement length and the measurement period
throughout the year, as those are often determining the practical applicability of the semi-stationary methods [3]. 
2.1. Experimental set-up
The in-situ measurements of the test wall are performed in the VLIET test building of the KU Leuven, located in
Leuven, Belgium. The building was constructed to study the hygrothermal behavior of building components under
real climatic conditions. Measurement data of 12 cavity walls is available from experiments during the late nineties
and has previously been used to investigate the performance of brick cavity walls in [1]. 
The wall considered in this paper consists of an inner and outer brick leave of 0,14m and 0,09m respectively and
is insulated with 0,14m glass wool blankets. The thermal properties of the wall materials are summarized in Table 1
and are obtained from measurements or product information of the used materials. The mean insulation temperature
is determined by the averaged surface temperatures during winter and summer period. The theoretical total thermal
resistance of the wall amounts to 4,57 m².K.W-1 in winter and to 4,46 m².K.W-1  in summer. These values are  used
as reference values, although they do not pretend to embody the actual as-built thermal resistance of the wall. 
Table 1. Thermal properties of the test wall 
 thickness 
(m)
thermal conductivity 
(W.m-1.K-1)
c
(J.kg-1.K-1)
rho 
(kg.m-3)
R winter/summer 
(m2.K.W-1)
C
(J.m-2.K-1)
facing brick 0,09  840 2261 0,11 1,71E+05 
air cavity 0,01    0,16 
glass wool blankets 0,14 0,033 + 1,3.10-4.șmean 840 40,50 4,0 / 3,9 4,76E+03 
building brick 0,14  840 1841 0,28 2,17E+05 
total 0,37    4,57 / 4,46 3,92E+05
3278   An-Heleen Deconinck and Staf Roels /  Energy Procedia  78 ( 2015 )  3276 – 3281 
The test wall is situated in the south façade of the building and is subjected to the outdoor climate and to a
constant indoor environment. The latter is heated to a set temperature of 23°C, but no cooling is applied in the
building. Hence, during warmer periods, the indoor temperature can exceed the set temperature. The measurements, 
i.e. the internal heat flux and the internal and external surface temperatures of the wall, are recorded with a five
minute interval but are averaged to hourly values for the data analysis. 
For the assessment of the estimation method in function of the measurement length and measurement period,
various data sets are considered: (1) data sets with different lengths and (2) data sets during winter and summer. One
main data period is selected for both winter and summer (14/12/1997 - 22/01/1998 and 22/04/1998 - 31/05/1998).
From those, diverse data sets are constructed with varying lengths (from 1 to 20 days). The different data sets are
constructed using a moving window advancing with a one day step. This is repeated for different window lengths.
Each of these data sets will result in an R-estimate for the cavity wall and the ensemble of results will allow the
study of the accuracy of the ML estimates in function of the measurement time span and the measurement period
throughout the year. Figure 1 depicts the measurements during the selected winter and summer period. 
Figure 1. The measurement data of the cavity wall during winter and summer with Qhfm the internal heat flux, Tai the indoor air temperature, Tse 
the external surface temperature and Tsi the internal surface temperature.
2.2. Stochastic state space models
To describe the dynamic thermal behavior of the observed cavity wall, a set of continuous time stochastic
differential equations (SDE) is formulated based on prior physical knowledge. Additionally, a discrete time
measurement equation defines the model output that will be accorded to the measured observation variable. 
In this paper, two model structures are selected. A first model structure is depicted below and is described by the
differential equations in Equation 1. 
1
dTi = C R
1
(Ti–1 — Ti)dt + C R
(Ti+1 — Ti)dt + oidmi
w,i
Qhfm,k = R
w,i
1
w,(n+1)
w,i
(Tsi,k — Tn,k) + sk
w,(i+1)
Equation 1: Differential equations of the model structure used for summer measurements. 
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with i = 1, … , n; TO = Tse ; Tn+1 = Tsi and where t is the time, Rw,i=1,…,n+1 are the model resistances, Cw,i=1,…,n are 
the model capacities, {mi} is a standard Wiener process and oi is the incremental variance of the Wiener process.
The surface temperatures Tsi and Tse are inputs for the model. The internal heat flux Qhfm,k is the observed variable
with k indicating the discrete time point of the measurements, sk is the measurement error which is assumed to be a
Gaussian white noise process with variance o2. This model type assumes a series of different thermal resistances
and capacitances connecting the two surface temperatures. The total wall resistance is determined as the sum of the
different model resistances. This model type is used for the characterization of the wall from summer data.
A second model structure assumes a series of equal model resistances and equal capacitances, hence, reducing the
number of model parameters to be estimated. The model type is shown below and described by Equation 2. 
1 (Ti–1 i) 1 ( i+1 i) i i
Ti = Cw Rw — T  dt + Cw    Rw     
T — T  dt + o dm 
n  n + 1 
1
n  n + 1 
Qhfm,k = Rw
(Tsi,k — Tn,k) + sk
n + 1
Equation 2: Differential equations of the model structure used for winter measurements. 
with i = 1, … ,n; TO = Tse ; Tn+1 = Tsi and where t is the time, Rw is the wall resistance, Cw is the effective wall
capacity, {mi} is a standard Wiener process and oi is the incremental variance of the Wiener process. This model
type is applied to estimate the thermal parameters of the wall from the winter data.
The model structure selection for both winter and summer periods is based on the results from [4]. This paper
demonstrates that a model structure with a homogeneous distribution of model resistances and capacitances is suited
to estimate the total thermal resistance of a wall from typical winter measurements. The assumption of a
homogeneous model for a heterogeneous wall holds for these situations where the wall is only dynamically excited
from the outside. However, when the wall is dynamically excited from both sides, the assumption of a homogeneous
model does not hold anymore. In the selected summer period, certain data sets show variations in both indoor and
outdoor air temperature. Because of these fluctuations, the model type with separate model resistances and
capacitances, as described first, is selected for the characterizations in summer. Based on [4] such model type allows
a reliable estimate of the total thermal resistance of cavity walls from summer measurements. 
Theoretically, the optimal model order should be selected for each data set separately. However, it is assumed
that the data sets in winter all have an identical optimal model order. The same is assumed for the data sets in
summer. To determine the optimal order, models with increasing complexity are fitted on the first 14 days of the
main winter and summer period. The fitted models are then used to simulate the heat flux for the entire winter and
summer period. Based on the RMSE of the residuals between the measured and modeled output, the optimal model
order is selected. For the data sets in winter, a 4th order model is applied and for the data sets in summer a 3rd order
model. 
2.3. Maximum Likelihood estimation (MLE)
Given a stochastic state space model, the unknown model parameters 8 can be found from experimental data by
considering the likelihood function. For a sequence of measurements yO, y1 , … , yN the likelihood function is
formulated by 
N
L(8; YN) = g(YN|8) = (‡ g(yk|Yk–1, 8)) g(yO|8) Equation 3
k=1
If 8 were fixed L(8; YN) would be the joint probability density g(YN|8) of the output YN resulting from the 
stochastic model with parameters 8.  Here, on the contrary, YN is known and 8 unknown and L(8; YN) is    therefore 
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called the likelihood of YN . The ML estimates of the stochastic model are found by conditioning on yO and
maximizing the likelihood function, resulting in the following goal function 
8ˆ = arg max{L(8; YN|yO)} Equation 4 
8
Often the negative log-likelihood function is minimized to improve the numerics of the optimization. In general
cases the exact evaluation of this goal function requires methods based on approximate nonlinear filters [5].
However, by assuming Wiener processes for the noise models in the SDE’s, the conditional probability densities in
Equation 3 can be approximated by Gaussian densities. Hence, the goal function can be optimized using simpler
linear methods based on the extended Kalman filter [5]. This is implemented in CTSM-R [6], a toolbox in R, which
is used in this paper to perform the parameter estimations. 
3. Results
The resulting estimates for the thermal resistance of the cavity wall are represented in Figure 2. Each data point
in the figure represents the R-estimate of a different data set. The results are plotted in function of the length of the
data set for both winter and summer periods. The reference values for winter and summer are plotted as the dotted
red lines with 5% and 10% accuracy bands in grey. The error bars on the data points indicate two times the standard
deviation of the estimated parameter meaning that every other result found in between those limits would be
statistically equal to the obtained one. 
Figure 2. ML estimates for the thermal resistance of the test wall for data sets in winter and summer with different lengths. 
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Looking at the results of the winter periods, it can be seen from Figure 2 that an R-estimate with an accuracy of
around 5% can be obtained for data sets with a length of 10 days or longer. To obtain R-estimates with an accuracy
of 10% data sets of around 3 days already satisfy. Generally, the ML estimation method results in robust and
accurate estimates of the thermal resistance of the test wall for winter periods. 
Looking at the estimation results of the summer periods, a wider spread on the estimates is seen from Figure 2.
The grey colored results correspond to the data sets with a mean indoor air temperature higher than 24°C. These data
sets contain a considerable number of days during which the heating system is mainly switched off and the indoor
air temperature is fluctuating along with the outdoor air temperature exceeding the temperature set point of 23°C. It
can be seen that these boundary conditions require longer measurement lengths in order to obtain accurate results.
To obtain R-estimates with an accuracy of around 5% data sets with a length of 16 days or longer are required. For
R-estimates with an accuracy of around 10% data sets with a minimum length of 11 days satisfy. Shorter data sets
will not necessarily result in erroneous R-estimates, but in estimates with large confidence bands. 
The black colored R-estimates in summer correspond to data sets containing less days with a strongly fluctuating
indoor air temperature. Similar boundary conditions as in winter are present and comparable results are found. 
Furthermore, it is noted that the reference value in summer is higher than the estimated thermal resistances.
However, as previously mentioned, the reference value does not embody all physical phenomena determining the
as-built thermal resistance of the wall. Wind-driven rain, moisture storage or latent heat are for example phenomena
that are not reckoned with in the reference value and could explain the deviation between theory and reality. 
4. Conclusion
In general, it can be stated that the maximum likelihood estimation procedure is able to robustly estimate the
thermal resistance of the test wall from data sets in winter. The parameter identification method obtains already 5%
and 10% accurate R-estimates for the studied wall from short data sets, i.e. +/- 10 and +/-3 days, respectively. 
For data sets in summer, longer but still realistic measurement lengths are required to accurately estimate the
thermal wall resistance. In particular for the data sets during which the wall is dynamically excited from both the
inside and the outside. Nevertheless, the standard deviations of the R-estimates give a good idea of the obtained
accuracy of the estimate. 
In conclusion, the maximum likelihood estimation method allows a robust and reliable thermal characterization
of the observed cavity wall from both winter and summer measurements. A comparison with results of the more
commonly used semi-stationary methods would allow a more contextual analysis of the possibilities of the method. 
Acknowledgements
Research funded by a Ph.D. grant (grant number 121167) of the Agency for Innovation by Science and
Technology (IWT). 
References
[1] Hens H, Janssens a., Depraetere W, Carmeliet J, Lecompte J. Brick Cavity Walls: A Performance Analysis Based on Measurements and 
Simulations. J Build Phys 2007;31:95–124. doi:10.1177/1744259107082685. 
[2] Lowe RJ, Wingfield J, Bell M, Bell JM. Evidence for heat losses via party wall cavities in masonry construction. Build Serv Eng Res Technol 
2007;28:161–81. doi:10.1177/0143624407077196. 
[3] Deconinck A-H, Roels S. Comparative assessment of in - situ thermal characterisation. In: Arfvidsson J, Harderup L-E, Kumlin A, 
Rosencrantz B, editors. Proc. 10th Nord. Symp. Build. Phys., Lund, Sweden: 10th Nordic Symposium on Building Physics; 2014, p. 525–32. 
[4] Deconinck A-H, Roels S. Identifiable models for thermally characterizing cavity walls from on-site measurements. Submitted to Energy and 
Buildings 2015. 
[5] Kristensen NR, Madsen H, Jørgensen SB. Parameter estimation in stochastic grey-box models. Automatica 2004;40:225–37. 
doi:10.1016/j.automatica.2003.10.001. 
[6] Kristensen NR, Madsen H. Continuous Time Stochastic Modelling. Mathematics Guide 2003:1–32. 
